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Most real-life decisions require the decision maker to
make trade-offs in order to fulfill multiple conflicting
objectives. This is especially true in medical decision
making while selecting the optimal therapy planfrom
among competing therapy plans for a patient. Multi-
attribute utility theory provides a framework to spec-
ify these trade-offsfor optimal decision making based
on the preferences of the decision maker. However
traditional preference-assessment techniques are dif-
ficult to implement and rarely elicit the true prefer-
ences of the decision maker. We describe a new
preference-assessment method based on the concept
of knowledge maintenance where the preference
model is changed each time it makes an incorrect rec-
ommendation. The method is implemented in a
decision-theoretic system to evaluate competing
three-dimensional radiation treatment plans. The
preference-assessment method leads to preference
models which perform better than preference models
elicited using traditional assessment techniques.

INTRODUCTION

Computer-based clinical decision-support systems
can be divided into two broad categories-heuristic
knowledge-based systems and decision-theoretic
preference-based systems. Most early research in
medical informatics on clinical decision-support sys-
tems focused on using artificial intelligence tech-
niques for building medical expert systems.1 2
Recently there is growing interest in constructing
decision-theoretic decision-support systems.3'4 It is
obvious that the performance of these systems
depends critically on the underlying knowledge bases
and preference models.

One of the main problems facing the developers of
these systems is the elicitation of information to be
contained in the systems-knowledge acquisition for
knowledge-based systems, and preference assessment
for preference-based systems. While computer scien-
tists have focused on knowledge acquisition, much
less effort has been invested in preference assessment.
This paper describes a preference-assessment tech-
nique for one class of decision-theoretic systems-
systems which objectively evaluate altemate deci-
sions and select the best decision to fulfill multiple
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conflicting objectives. This includes the class of med-
ical decision-making problems that involves the
selection of the optimal therapy plan from competing
therapy plans for a patient. We applied this technique
to the clinical decision problem of ranking competing
three-dimensional (3D) conformal radiation treatment
(CRT) plans.

We first present some background information on
decision theory, knowledge acquisition, preference
assessment, and radiation treatment planning. We then
describe a decision-theoretic model for ranking com-
peting 3D CRT plans. We then describe our new
preference-assessment method and an experiment of
its implementation. We analyze the results of our
experiment and make some concluding remarks.

BACKGROUND

Decision Theory
Decision theory provides a framework for selecting
the optimal decision from many decision alterna-
tives.5 The two cornerstones of decision theory are its
ability to handle uncertainty and its ability to handle
multiple conflicting objectives.

We focus on decision problems which require the
decision maker to make trade-offs in order to fulfill
multiple conflicting objectives, as is the case in most
real-life decisions. Multiattribute utility theory pro-
vides a framework to specify these trade-offs and to
select the optimal decision according to the prefer-
ences of the decision maker.6'7 The decision problem
is decomposed into a number of meaningful attributes
corresponding to the multiple objectives. The utility
of each attribute is assessed and indicates how closely
the attribute achieves its objective. Weights signifying
the trade-offs among the attributes are acquired. Mul-
tiattribute utility theory provides various combining
functions in order to obtain the overall utlity for each
decision, and the decision with the maximum overall
utility is chosen.

Clinical decision analysis has been well studied and
shown to address the problems faced in routine medi-
cal decision making.8 We focus on the selection of the
optimal therapy plan from competing therapy plans.
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Knowledge Acquisition
Knowledge acquisition occurs through the interaction
between the knowledge engineer developing a
knowledge-based system and the domain expert
whose expertise will be represented in the system.9 It
is a major focus of current research on knowledge-
based systems.10 Researchers have developed innova-
tive knowledge-acquisition techniques for different
classes of knowledge-based systems."1 Knowledge
maintenance is the addition, deletion, or modification
of knowledge in a knowledge base.'2

Preference Assessment
Preference assessment occurs through the interaction
between the decision analyst developing the decision-
theoretic system and the decision maker whose pref-
erences will be represented in the system.13 It is a
major focus of current research on decision-theoretic
systems.14 There are two categories of preference-
assessment techniques-for assessing attribute utili-
ties and for assessing attribute weights.

Decision theory provides various standard techniques
for both categories. However, multiple studies have
shown the difficulty in actually implementing these
techniques or getting accurate preferences.15'16 We
focus on the assessment of trade-off weights. The
chief drawback of the standard weight-assessment
techniques is that they ask the decision maker to con-
sider hypothetical situations which never occur in
reality, making it difficult for the decision maker to
express a true preference.'17'18"1920

Recent Techniques
Two recent techniques proposed by medical informat-
ics researchers-one for knowledge acquisition, and
one for preference assesssment-provided the ideas
for our preference-assessment technique. We describe
them briefly here.

Ripple Down Rules. This is a knowledge acquisition
technique based on knowledge maintenance.2' It was
first implemented in PEIRS (Pathology Expert Inter-
pretative Reporting System), a rule-based expert sys-
tem for providing clinical interpretations of data from
thyroid tests.22 Whenever the expert system makes an
inadequate or incorrect recommendation, the expert
adds or modifies a rule in the knowledge base. The
key idea provided by this technique which we have
applied to preference-based systems is that preference
assessment can be done by updating the preference
model whenever the recommendations of the system
and the decision maker do not agree.

Simulated Decision Scenarios. This is a preference-
assessment technique which infers the preference
model of the decision maker based on her decisions
on simulated decision problems.23 This approach was
implemented in VentPlan which calculates the recom-
mended settings for four controls of a ventilator by
evaluating the predicted effects of alternative ventila-
tor settings.24 The key idea provided by this technique
is that preference assessment can be done during the
actual use of the decision-support system.

Radiation Treatment Planning
Effective radiation treatment involves uniform irradi-
ation of all tumor volumes to their prescribed high
doses, while minimizing irradiation to nearby normal
tissues.25 Thus in the evaluation and selection of a
radiation treatment plan, the radiation oncologist must
make trade-offs in the radiation doses delivered to
tumor volumes and normal tissues. This evaluation
was easy in traditional two-dimensional treatment
planning using coplanar standard radiation beam con-
figurations because it involved comparing doses in
only one or a few planes.

State-of-the-art treatment planning techniques use
multiple non-coplanar radiation beams to design indi-
vidualized 3D conformal plans where the shape of the
high prescription-dose volume is conformed to the
shape of the tumor, minimizing radiation to the
nearby normal tissues.26 Evaluation of these plans is
difficult because it requires the radiation oncologist to
decipher a huge amount of numerical and graphical
data. We are using multiattribute utility theory in
order to develop an objective plan-evaluation model
for competing 3D CRT plans.27

OBJECTIVE PLAN-EVALUATION MODEL

Each attribute represents a clinical issue such as non-
eradication of the tumor or radiation-induced damage
to a nearby normal tissue. Each attribute has a utility
(from 0 to 1) to indicate how closely the objective for
that attribute is achieved, and a weight (from 0 to 1) to
make trade-offs among the different attributes. The
contribution of each attribute to the overall utility is
called its score. When utility is low and weight is
high, score should be low. When utility is high or
weight is low, score should be high. One function
which has this behavior is:

scorei = 1 - (1 - utilityi) x weighti (1)

The overall utility of the plan is called its figure of
merit (FOM). When score for any attribute is low,
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FOM should be low. Since score is between 0 and 1,
the multiplicative model is a suitable combining func-
tion. Thus, we have:

attr

FOM = || (1 - (1 - utilityi) x weighti) (2)
i

The two building blocks of the model are utility and
weight. We describe each in further detail. The prefer-
ence model of a radiation oncologist for a tumor site
is the set of his weights for the attributes.

UTILITY MODEL

The utility of an attribute indicates how well its objec-
tive is met. For tumor volumes, the objective is to
irradiate them to their prescription dose. For normal
tissues, the objective is to minimize the dose to them.
Thus utility has to be a function of the 3D dose distri-
bution in the tissue represented by that attribute. How-
ever, it is impractical if not impossible to enumerate
all the possible 3D dose distributions for a tissue. This
makes it impossible to elicit utility functions based on
dose distributions.

Instead, we use proxy attributes to elicit the utility
functions. A proxy attribute reflects the degree to
which an associated objective is met but does not
directly measure the objective.6 We experimented
with a series of proxy attributes before arriving at one
which was suitable. The proxies we considered but
rejected were:

* probability of a bad outcome;
* percent of outlined tissue volume above its pre-

scription or tolerance dose (called % volume);
* single dose statistic such as minimum, maximum,

or mean dose.

We found each of them to be inadequate individually.
The proxy that we use is a set of multiple dose statis-
tics. For each attribute, the radiation oncologist is
asked to choose one or more of the following dose
statistics in the order of importance for comparing a
tissue in different plans:

* minimum or maximum dose;
* mean dose;
* % volume.

To maximize tumor irradiation, the minimum dose,
mean dose, or % volume should be as high as possi-
ble. To minimize normal tissue irradiation, the maxi-
mum dose, mean dose, or % volume should be as low
as possible. Thus each of these dose statistics is suit-
able as a proxy attribute.

For each attribute, we obtained a set of dose statistics
in the order of importance. The selection of the appro-
priate proxy dose statistic for an attribute was done as
follows. Given two plans and a tissue, the model first
compared the values of the most important dose sta-
tistic for that tissue. If the lower value was within 5%
of the higher value, the model compared the next dose
statistic. This continued till the model arrived at the
first dose statistic which differed by at least 5%. If
none of the dose statistics differed by 5%, then the
model chose the last dose statistic as the two dose dis-
tributions were nearly equivalent. The choice of 5%
was arbitrary and was suggested by the radiation
oncologists.

We obtained utility curves for each dose statistic and
tissue combination by direct elicitation. We obtained
dose statistic values for extreme utilities of 0 and 1,
and elicited a few intermediate points to interpolate a
utility curve. Table 1 contains the attributes for pros-
tate tumors with dose statistics in the order of impor-
tance specified by the radiation oncologist.

Table 1: Prostate tumor attributes and dose statistics.

Attributes Dose statistics
Tumor volume % volume, minimum, mean
Rectum, Bladder % volume, maximum, mean
Femoral heads
Connective tissue maximum, % volume

We also obtained the attributes, importance-ordered
dose statistics, and utility curves for lung and abdomi-
nal tumors.

INITIAL PREFERENCE MODEL

We elicited the initial set of weights for a tumor site
using a variant of the trade-off technique.28 The radia-
tion oncologist selected the most important attribute ic
and it was assigned a weight of 1. For every other
attribute i, we created two hypothetical plans P1 and
P2. Table 2 contains the dose statistic values for the
attributes. A dose statistic value of dsO means that
utility is 0, and dsl means that utility is 1.

Table 2: Dose statistic values for hypothetical plans
P1 and P2 to elicit initial weight of attribute i.

PAttibu ic Attribute i Other attributes

Plan P2 ds0 s1 d

We asked the radiation oncologist to select the pre-
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ferred plan. By assigning a utility of 1 to all other
attributes, the radiation oncologist is asked to trade off
between attributes ic and i. Three cases were possible:

1. Plans P1 and P2 were equivalent. Since the two
attributes had complementary utilities, they must
have the same weight. So weighti= 1.

2. Plan P1 was preferred. In this case, we asked the
radiation oncologist to give a new dose statistic
value ds for attribute ic in plan P2 to make the two
plans equivalent. Then, by equating the FOM val-
ues using Eq. 2, we get weighti = 1 - U(ds) where
U is the utility function of ic.

3. Plan P2 was preferred. This was not possible as it
indicated that i was more important than ic.

We used this method to get the initial preference
model for prostate, lung, and abdominal tumors from
three radiation oncologists-one for each tumor site.
Table 3 contains the initial preference model for pros-
tate tumors.

Table 3: Initial preference model.

Attribute Weight
Tumor volume 1.00
Rectum 0.17
Bladder 0.31
Femoral heads 0.91
Connective tissue 0.61

NEW PREFERENCE-ASSESSMENT METHOD

The previous section describes the traditional method
for assessing preference models of radiation oncolo-
gists. The clinical experts found it conceptually diffi-
cult because the hypothetical plans P1 and P2 never
occur in actual clinical practice. So we assume that
the preference model assessed is only approximately
correct, and will lead to some incorrect rankings. We
call it the initial preference model. We use the concept
of knowledge maintenance for refining the preference
model, similar to the work on Ripple Down Rules
described earlier. Each time the decision-support sys-
tem makes a recommendation that does not agree with
the expert decision maker (radiation oncologist), we
ask him to examine the preference model to find the
reason for the inconsistency and modify the prefer-
ence model. The decision-support system always uses
the current preference model of the decision maker.
After sufficient use, we hypothesize that the prefer-
ence model will converge to the correct set of weights
resulting in the final preference model.

The preference-assessment method assumes that no
gold standard is available for the decision problem.
Thus it attempts to elicit the decision-making capabil-
ity of an expert decision maker, similar to knowledge
acquisition for knowledge-based systems. It does so
by using the subjective decision-making of the expert
decision maker as the gold standard, and making him
provide his preferences for an objective decision
model. The method is useful for decision problems
which represent multiple similar decision-making
opportunities in order to have sufficient number of
cases for the preference assessment.

PREFERENCE-ASSESSMENT EXPERIMENT

We performed the preference-assessment experiment
on three tumor sites-prostate, lung, and abdomen.
We describe the experiment and results for prostate
tumors. Data from 23 patients with stage A or B pros-
tate cancer treated with 3D CRT at the Radiation
Oncology Center of the Mallinckrodt Institute of
Radiology in the last two years were available. We
selected two different treatment plans for each patient.
The radiation oncologist first ranked these two plans,
and we called it the subjective ranking. Then we used
the objective plan-evaluation model to obtain the
objective ranking.

Rankings were obtained using an interactive decision-
support system that allowed the radiation oncologists
to examine the dose statistics, utilities, and weights of
all the attributes, and modify the weights. The system
was linked to our clinical treatment planning system29
to have access to patient data. The system provides
instantaneous feedback whenever the preference
model is changed to assist in preference assessment.
The graphical user interface of the system allowed the
radiation oncologists to use the system unassisted.

If the subjective and objective rankings agreed, the
radiation oncologist proceeded to the next patient
case. If they did not, then the radiation oncologist
examined and changed the weights appropriately until
the rankings agreed. All changes in weights were
logged. To make the assessment problem tractable, we
assumed that the utility curves were correct.

Table 3 contains the initial preference model for pros-
tate tumors. Figure 1 graphically shows the variation
in weights of all five attributes. The weight for plan-
ning target volume changed once-from 1.00 to 0.85
while evaluating the plans for patient 10. The weight
for rectum changed twice-from 0.17 to 0.80 while
evaluating the plans for patient 1, and from 0.80 to
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Figure 1: Variation in weight of the various attributes
for prostate tumors.

0.65 while evaluating the plans for patient 16. The
weight for bladder changed twice-from 0.31 to 0.75
while evaluating the plans for patient 1, and from 0.75
to 0.65 while evaluating the plans for patient 16. The
weights for the femoral heads changed once-from
0.91 to 0.50 while evaluating the plans for patient 1.
The weight for connective tissue changed once-from
0.61 to 0.35 while evaluating the plans for patient 1.

The preference model was changed three times-

while evaluating the plans for patients 1, 10, and 16.
The set of weights up to the first modification is the
initial preference model. The set of weights between
the first and second modification is called the first
intermediate preference model. The set of weights
between the second and third modification is called
the second intermediate preference model. And the set
of weights after the third modification is called the
final preference model (see Table 4).

Table 4: Intermediate and final preference models.

Preference model
Attribute First int. Second int. Final

Tumor volume 1.00 0.85 0.85
Rectum 0.80 0.80 0.65
Bladder 0.75 0.75 0.65
Femoral heads 0.50 0.50 0.50
Connective tissue 0.35 0.35 0.35

We observed similar variations in weights in lung and
abdominal tumors. Thus we used the preference-
assessment method with three different radiation
oncologists for three different tumor sites.

ANALYSIS OF PREFERENCE MODELS

We have examined the performance of the four prefer-
ence models (Tables 3 and 4). We did this by comput-
ing the agreement rate for each preference model. The
agreement rate for a preference model is the fraction
of patients for which the subjective ranking given by
the radiation oncologist agrees with the objective
ranking of the plan-evaluation model using that pref-
erence model. Table 5 contains the agreement rates
for the four preference models.

Table 5: Agreement rates of preference models.

Preference Model Agreement Rate
Initial 18/23 (78.3%)
First intermediate 21/23 (91.3%)
Second intermediate 22/23 (95.7%)
Final 22/23 (95.7%)

We notice that the final preference model performs
better than the initial preference model. We also
observe an expected trend of the performance pro-
gressively improving from the initial preference
model to the two intermediate preference models to
the final preference model.

We observed similar trends in performance improve-
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ment for the preference models for lung and abdomi-
nal tumors. Thus the preference-assessment method
leads to better preference models.

CONCLUSIONS

This paper describes a new preference-assessment
method to overcome the difficulties in obtaining cor-
rect trade-off weights for attributes in multiattribute
utility models. The preference-assessment method is
based on the concept of knowledge maintenance for
knowledge-based systems-the preference model is
changed whenever the decision-theoretic system
makes an incorrect recommendation. The interactive
implementation ensures that the decision analyst is
not needed after eliciting the initial preference model.
The preference-assessment technique was imple-
mented in the decision problem of evaluating compet-
ing three-dimensional radiation treatment plans.

An implicit assumption of the preference-assessment
method is that the preference model will converge.
We cannot predict the number of decision cases the
decision maker will have to see before convergence.
We were able to obtain convergence and demonstrate
improvement in performance in three tumor sites.
Lack of convergence can possibly mean that the mul-
tiattribute utility model being used is incorrect and
needs to be changed.

The preference-assessment method is general and
does not contain any domain information. Hence it
can be used in other domains where the decision prob-
lem has properties such as multiple similar decision-
makcing opportunities, necessity to make trade-offs,
and no gold standard for decision making.

This research makes two key contributions. It
describes a new preference-assessment method for
assessing trade-offs for decision-theoretic systems
which evaluate competing decision alternatives to ful-
fill multiple conflicting objectives using multiattribute
utility theory. This includes the class of medical
decision-making problems that involves the selection
of the optimal therapy plan from competing therapy
plans for a patient. It also describes a decision-
theoretic plan-evaluation model and system for rank-
ing competing 3D radiation treatment plans.
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